The Lalor deposit consists of stratigraphically and structurally stacked ore lenses 93 (Bellefleur et al., 2015; Caté et al., 2015) hosted in volcanic and subvolcanic rocks 94 informally categorized into units and groups of units ( Figure 1 and Table 1 ; Caté, 2016) . 95
The host rocks of the ore lenses are known informally as the Lalor volcanic succession 96 (Caté, 2016) . This succession comprises the Footwall volcaniclastic unit, the Moore 97 to the West of it, the Western volcanic succession is composed of the 'Western' 101 Powderhouse dacite, which is interpreted as a structurally-distinct sliver of the 102
Powderhouse dacite present in the Lalor volcanic succession (Caté, 2016) . The Balloch 103 volcanic succession structurally overlies the Lalor volcanic succession. It is composed of 104 steeply dipping WSW-facing and overturned volcanic units (Bailes et al., 2013) . These 105 units are the North Balloch rhyodacite, the Balloch basalt, the Ghost Lake rhyodacite, the 106 geochemistry and magmatic origin (Caté, 2016 ) but present at distinct stratigraphic 111
positions. 112
Figure 1: Section 5200N of the Lalor deposit, after Bailes et al. (2013) and Caté (2016 
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Hydrothermal alteration overprints the volcanic rocks in the deposit vicinity ( Figure 1 ) and 118 these altered volcanic rocks were subsequently affected by regional deformation and 119 metamorphism, which makes it very difficult to reliably discriminate units and alteration 120 types solely based on visual inspection. In these situations, lithogeochemical analyses 121 provide additional, and often critical, insights on the nature of the protolith of altered rocks 122 (e.g., Barrett and MacLean, 1994) . A series of diagrams from the literature (Winchester 123 and of these diagrams allows naming and discriminating each volcanic unit despite some 132 partial overlap. Despite being relatively widely used, these classification diagrams still use 133 only a few major oxides and trace elements, which leads to partly subjective class 134 definitions and potentially limits classification performance. 135 is attributed to each sample. Classes were attributed using a combination of: 1) 218 geochemical signatures (i.e., Figure 2 and several other diagrams shown by Caté, 2016, 219 and listed in Table 2 ); 2) volcanic textures and mineralogy preserved from the alteration 220 with unclear or undefined alteration type were not taken into account. The alteration type 232 was attributed based solely on the mineralogical composition (based on a visual 233 inspection) of samples using key minerals indicator of the geochemical signature of the 234 alteration as discriminants (Table 4) The success rate of multivariate classification is strongly influenced by the input data and 241 how it has been preprocessed (e.g., Domingos, 2012) . For each classification exercise, a 242 total of four distinct sets of predictor variables were built to test their effect on classification 243
success. 244
Magmatic rocks can be discriminated using a restricted set of elements that are dependent 245 on the formation and evolution of magmas and less susceptible to hydrothermal alteration 246
These are known as immobile elements (Winchester and Floyd, 1977) an important classification power in altered volcanic rocks (Pearce, 1996) . Most of the 259 elements and oxides in these three sets are immobile in most VMS settings, except SiO2 260 and sometimes the light REE (e.g., MacLean and Kranidiotis, 1987) . 261
Because geochemical analyses are compositional data, they are affected by the closure 262 problem, and element concentrations do not vary independently (Aitchison, 1982; 263 Pawlowsky-Glahn and Egozcue, 2006). To test the effect of data closure on classification, 264 the extended set of elements was converted in centered-log-ratios (CLR; Aitchison, 1982) (Table 6) All the sets of variables compiled for both labelled training sets were tested with the SVM 375 algorithm. Both classification success score (f1 score, Table 7 ) and confusion matrices 376 (Table 8 and Table 9) volcanic units is not significantly different (i.e., the difference is lower than the standard 382 deviation) than that of the set of elements (restricted set of elements) from which the ratios 383 were built. Alteration indexes used for the classification of alteration types yield 384 significantly lower scores than the set of elements from which they were built. For both 385 classification exercises, the restricted and extended sets of elements do not show 386 differences in f1 score higher than the standard deviation. Similarly, the use of CLR-387 transformed elements does not significantly increase the classification success rate. 388
In the case of the classification of volcanic units, the extended set of untransformed 389 elements and the CLR-transformed set of elements yield the best results (Table 7) . F1 390 scores are around 0.9, which is a relatively high success rate. The confusion matrix for In the case of the classification of alteration types, the restricted set of elements yields the 403 best performance, followed by the extended set of elements and the CLR-transformed 404 elements ( Table 7) . The best scores are above 0.75, which is lower than for the 405 classification of volcanic units. Most of the misclassifications occur between the least 406 altered rocks and the moderately altered rocks (Table 9) The work done on labelled geochemical analyses shows that machine learning can 427 reliably classify data, both for protoliths and alteration types. The algorithms can therefore 428 presumably be applied to unlabelled samples, i. 
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from Pearce (1996) , modified after Winchester and Floyd (1977) showing the differentiation and alkalinity of 
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The distribution of the predicted alteration types in a box-plot diagram ( Figure 4C especially between least-altered and moderately-altered rocks. This can result from errors 550 in the labelling of training data, related to the fact that mineral concentrations in rock 551 samples are mostly estimated visually from macroscopic observations. Also, the 552 geochemical composition of both least-altered and moderately-altered rocks is strongly 553 dependant on the composition of the volcanic protolith. Both alteration types are 554 heterogeneous and have gradational transitions, which leads to important overlaps of the 555 geochemical compositions of both classes (e.g., Figure 3 and Figure 4C ). Finally, the 556 heterogeneous nature of the alteration, even locally, might induce further variability in the 557 chosen to be representative. 559 560 Overall, the SVM algorithm is the best performer for the classification of rock types from 561 geochemical data, closely followed by ensemble methods (RF and GTB). The relative 562 difference in success rate between algorithms changes from the classification of volcanic 563 units to that of alteration types, which suggests that the best-performing algorithm might 564 change for other classification exercises. The relative performance of algorithms might 565 change with larger training datasets. 566 567 Element ratios and alteration indices are used to facilitate the interpretation of 568 geochemical data using diagrams. This transformation is necessary for "manual" 569 classification as the human brain cannot process simultaneously more than two to three 570 variables (with each variable representing one element or a combination of elements). 571
However, by combining different elements and reducing the number of variables, the 572 classification power of the data decreases. It is illustrated by the better performance of 573 untransformed elements compared to element ratios and alteration indexes used in 574 diagrams. As a general rule, the inclusion of more elements tends to increase the 575 classification power of predictive models. Thus, the use of multivariate classification is 576 likely to outperform diagram-based classification given a large enough training dataset. 577
On the other hand, as shown by the similar success rates of predictive models using the 578 restricted and extended variable sets, most of the classification power of chemical 579 elements is concentrated within a restricted set of elements. The addition of more 580 elements to the predictive variables does not significantly increase the classification 581 success rate. Using previous work on geochemical classification of rock units or alteration1994; Verma and Agrawal, 2011), the best discriminating elements can be included in the 584 set of predictive variables depending on the classification exercise. Further variable 585 selection can be performed by calculating the contribution of each variable in predictive 586 models (e.g., feature importance in RF models). 587
Opening the compositional geochemical data using a CLR-transformation does not show 588 a significant difference in classification success rates. Thus, untransformed elements 589 seem the best suited for classification, as further interpretation of the results is more 590 intuitive. 591
For the classification of volcanic units, the relative concentration of least mobile elements 592 is still affected by alteration, even though it is less significant than for mobile elements 593 (e.g., Barrett and MacLean, 1994 ). This could have an effect on the classification success 594 rates for the most intensely-altered rocks (e.g., Moore mafics and Powderhouse dacite at 595 Lalor). Dividing all elements by an immobile element (e.g., TiO2 or Zr) would provide 596 variables completely independent of the effect of alteration (Barrett and MacLean, 1994) , 597
and increase classification success rates in the most altered rocks. 598
Alteration is based on enrichment/depletion of elements in rocks. Using Pearce element 599 ratios instead of raw elements would provide variables more sensitive to relative 600 concentration changes between elements resulting from the alteration. This could 601 increase the classification power of predictive models. 602 603 604
The f1 score for the classification of volcanic units is close to 0.9 (Table 7) , and both 605 precision and recall scores are above 0.7 for all volcanic units (Table 8) . These scores3D geological modelling. The low misclassification rate is unlikely to have a significant 608 effect on further use of the classification results for 2D or 3D modelling (see Figure 5) . 609
The f1 score for the classification of alteration types is close to 0.75. This indicates scores 610 high enough for classification results to be reliable for geological modelling, but around 611 25% of the samples are likely to be misclassified. Thus, care should be taken in the 612 interpretation of the results, and during 2D or 3D modelling of the alteration zones. 613
Because of the misclassification of adjacent alteration types, and the progressive nature 614 of hydrothermal alteration, boundaries between alteration zones should be seen as 615
"progressive" or "soft" boundaries compare to the "sharp" or "discrete" boundaries 616 between volcanic units. 617
For both classification exercises, the significant standard deviations of the f1 scores 618 obtained by cross-validation (Table 6 and Table 7) indicate that the small size of the 619 training set introduces a significant bias in the classification models. These relatively high 620 standard deviations are likely to decrease with an increasing training dataset size. Thus, 621 a larger geochemical dataset would produce more stable prediction models and might 622 increase success scores. 623 624 A series of supervised predictive models have been tested on rocks of the Lalor deposit 625 by varying the target variable (i.e., volcanic units and alteration types), the predictive 626 variables (Table 5) to Dr. Alan Bailes and to the Laurentian University Snow Lake research group for the 654
